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Water hyacinth (Pontederia crassipes, also referred to as Eicchornia crassipes) is one
of the most invasive weed species in the world, causing significant adverse economic
and ecological impacts, particularly in tropical and sub-tropical regions. Large scale
real-time monitoring of areas of chronic infestation is critical to formulate effective control
strategies for this fast spreading weed species. Assessment of revenue generation
potential of the harvested water hyacinth biomass also requires enhanced understanding
to estimate the biomass yield potential for a given water body. Modern remote sensing
technologies can greatly enhance our capacity to understand, monitor, and estimate
water hyacinth infestation within inland as well as coastal freshwater bodies. Readily
available satellite imagery with high spectral, temporal, and spatial resolution, along
with conventional and modern machine learning techniques for automated image
analysis, can enable discrimination of water hyacinth infestation from other floating or
submerged vegetation. Remote sensing can potentially be complemented with an array
of other technology-based methods, including aerial surveys, ground-level sensors, and
citizen science, to provide comprehensive, timely, and accurate monitoring. This review
discusses the latest developments in the use of remote sensing and other technologies
to monitor water hyacinth infestation, and proposes a novel, multi-modal approach that
combines the strengths of the different methods.
Keywords: remote sensing, synthetic aperture radar, ground sensor network, unmanned aerial vehicle, citizen
science, machine learning, aquatic weeds, wetlands
INTRODUCTION
Originating from the Amazon Basin, water hyacinth (Pontederia crassipes) has spread to more
than 80 countries over the past century (Jafari, 2010). This monocotyledonous macrophyte
reproduces asexually using stolons and sexually by seeds (Havel et al., 2015), with a rapid
reproductive capacity enabling it to double its biomass in 6–14 days under conducive growth
conditions (Keller and Lodge, 2009). Researchers have estimated that over 8 months, 10 water
hyacinth plants can reproduce into 655,360 plants, covering approximately half a hectare
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(Gunnarsson and Petersen, 2007). It is thus not surprising
that water hyacinth has been listed among the world’s worst
weeds (Riches, 2001). A comparative assessment of invasive weed
species in China (Bai et al., 2013) introduced two indices using
a scale of 1–4: “impact index,” representing social, economic,
and ecological impacts; and “spread index,” representing rate
of spread. Water hyacinth was assessed as having impact
index 4 and spread index 3, highlighting its enormous adverse
environmental impact. The weed reduces species diversity by
reducing penetration of sunlight (Huang et al., 2008), affecting
turbidity and dissolved oxygen (Chukwuka and Uka, 2007),
depleting nutrients (Brendonck et al., 2003), and disturbing
the food-web (Coetzee et al., 2014; Mironga et al., 2014). The
thick floating weed mats harbor pathogenic micro-organisms,
pests, and insect larvae, promoting diseases like schistosomiasis,
dengue, chikungunya, and malaria (Muyodi, 2000). The mats
challenge boat traffic by obstructing waterways and damaging
propellers, and hamper fishing activity because casting of nets
becomes impossible (European Environment Agency, 2000).
Trends in urbanization and increased eutrophication of inland
and coastal waterbodies imply that these problems will only grow
worse in future (Williams et al., 2005).
Effectively tackling this menace requires accurate and timely
monitoring of potential water hyacinth habitats within aquatic
ecosystems (Shekede et al., 2008). Monitoring is necessary for
estimating the size of an infestation, providing data for use
in developing strategies for management and control (Dube
et al., 2017). Traditionally, water hyacinth infestation monitoring
has relied on field surveys with limited spatial coverage, using
methods that are time and labor intensive (Ritchie et al., 2003).
This limited the amount of data that can be collected, leading
to poor understanding of factors affecting the emergence and
spread of water hyacinth in different geographies. During the last
decade, increasing availability of open sources of satellite data has
created new possibilities for low-cost, large scale monitoring of
water bodies (Turner et al., 2013). Satellites can provide spatial
snapshots, with a short time interval, of areas known for water
hyacinth infestation, particularly valuable for inaccessible and
vulnerable ecologies or areas of significant commercial interests.
However, challenges remain in developing effective automated
methods for accurate detection of the presence of water hyacinth
in satellite images and discriminating it from other aquatic
vegetation that may be present. Potential solutions include using
powerful machine learning algorithms that can handle large
datasets, and the complementary use of data collected using other
methods such as aerial surveys, in-water sensor devices, and
technology-assisted surveillance by local people (citizen science).
We describe some of the ways in which water hyacinth
is currently managed and explain how these can be made
more effective through improved monitoring. Historically, water
hyacinth has been treated as a pest requiring eradication or
strict control, but there are also novel initiatives to use it as a
resource for economic exploitation; improvements inmonitoring
have benefits for both approaches. We then review a range of
technological methods that can be applied and end by proposing
a novel, multi-modal approach.
BENEFITS OF IMPROVED MONITORING
FOR INFESTATION CONTROL
Management practices for water hyacinth infestation have
primarily focused on eradication through physical, biological
or chemical means, with modest success (Wilson et al., 2007).
Mechanical removal of water hyacinth mats is the most common
approach, particularly in navigation channels (Toft et al., 2003).
Over the last few decades, the insect Neochetina eichhorniae and
a suite of other species have been widely used as biocontrol
agents in many parts of the world (Center et al., 2002; Hill and
Coetzee, 2017). When combined with other plant stress factors,
biocontrol has been found to be effective (Reddy et al., 2019).
Use of herbicides in coordination with biocontrol has showed
considerable success in maintaining the weed within acceptable
levels (Tipping et al., 2017). Improvements in monitoring
capability will make it possible to compare the efficacy of various
control measures at a larger scale and within different geographic
and climatic contexts, providing data that can be used to inform
the choice of the most appropriate control method when an
infestation is detected. Improved monitoring will also make it
possible to detect new patches of infestation at an earlier stage,
when they can be more easily and cheaply suppressed.
BENEFITS OF IMPROVED MONITORING
FOR EXPLOITATION OF HARVESTED
WATER HYACINTH BIOMASS
Efficient utilization of harvested water hyacinth biomass for
the production of fuels (biogas, bioethanol, or biohydrogen)
and other value-added products will significantly mitigate the
nuisance caused by the weed. Researchers have demonstrated
bioethanol production potential from the hemicellulose and
cellulose rich biomass (Okewale et al., 2016). Several value-
added products, including cellulose, xanthogenate, levulinic acid,
shikimic acid, biopolymer, biobutanol, composites, biofertilizers,
fish feed, superabsorbent polymer, and xylitol have been
demonstrated. With only minimal treatment, the biomass can be
used as substrate for mushroom cultivation (Kumar et al., 2014;
Prabhu, 2016) or for making handicrafts and other products.
Despite this known potential, none of these ideas has yet seen
widespread adoption. To develop a financially viable proposal
for a large scale processing unit, it is necessary to have data
about the expected biomass quantity and time (to optimize
scale of processing and assess viability), seasonal variation of the
biomass (to schedule operations and plan storage requirements),
and site-specific details such as remoteness of the location and
proximity to transport routes andmarkets. Improvedmonitoring
through remote sensing will be able to precisely measure the
acreage of water hyacinth mats as well as their seasonal and
temporal quantity variations. This will help with quantifying
and forecasting biomass availability for commercial planning.
There is potential in realizing this opportunity for improving
livelihoods in impoverished communities.
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Satellite remote sensing data has potential for effective and
low-cost short interval monitoring of the temporal and spatial
distribution of water hyacinth infestation at a large scale. The
availability, frequency and coverage of satellite remote sensing
data have increased considerably during the last years, in
particular due to the European space agency (ESA)’s Copernicus
program with Sentinel-1 and Sentinel-2. Currently, this potential
is largely unexploited, due in part to the limited training of
aquatic scientists and hydrologists in using remote sensing
(Nagendra et al., 2013). Table 1 presents a list of currently
available open-access satellite-based sensor systems that can be
used for monitoring water hyacinth. Remote sensing datasets
may come from optical systems or from synthetic aperture radar
(SAR). Optical images are typically well-suited for monitoring
water hyacinth, because of their high spatiotemporal resolution,
wide spatial coverage and broad spectrum. However, they are
severely affected by cloud cover and meteorological conditions,
and they are dependent on solar illumination. The data can be
supplemented with data from SAR sensors which, in general,
are unaffected by day-night, clouds and weather conditions.
These two types of instruments may supplement each other in
operational systems.
The primary focus of efforts using optical datasets has
been to discriminate between hyacinth mats and algal blooms
or other aquatic macrophytes. With improved spectral and
spatial resolution sensors, the 10 m/pixel ground sampling
distance (GSD) of Sentinel-2 MSI (multispectral instrument)
has significantly enhanced research capability to detect and
estimate water hyacinth infestation and coverage. Submerged
macrophytes are clearly distinguished by their lower absolute
reflectance in the near infrared (NIR), while other narrow
hyperspectral channels are used to discriminate species on
the basis of leaf optical properties and other biophysical or
biochemical properties (Vidhya et al., 2014, Cheruiyot et al.,
2014). Additionally, using remote sensing, critical water quality
parameters, such as chlorophyll-a, turbidity and phosphorus
concentration can be estimated (primarily through physics-based
approaches) with high accuracy (Weghorst, 2008; Yao et al., 2010;
Chawira et al., 2013; Kibena et al., 2013; Majozi et al., 2014).
Unlike optical datasets, SAR images have the benefit of being
unaffected by cloud cover. Silva et al. (2010) showed the utility
of SAR in monitoring of aquatic macrophytes, even during
challenging weather conditions. The difference in dielectric
constant and roughness between surface water and vegetation
allows SAR to discriminate between dry and flooded vegetation
(Evans et al., 2010). The lack of penetration of microwaves into
water minimizes the error in signal capturing due to presence
of submerged vegetation. The intensity of the radar backscatter
being directly influenced by surface roughness, volumetric
scattering, wavelength information and polarization makes it
possible to develop vegetation-specific signatures (Robertson
et al., 2015).
Machine Learning Algorithms for
Classifying Water Hyacinth in Remote
Sensing Data
Machine learning algorithms have potential to significantly
improve classification accuracy when identifying water hyacinth
within satellite acquired imagery. For examples, the inaccuracy
of pixel-based (Zhang and Foody, 1998) can be circumvented
using algorithms that can extract expert knowledge derived from
secondary data, and statistical tools such asMaximum Likelihood
Classifier (Xie et al., 2008).
Atmospheric correction is another area where machine
learning can contribute. Traditionally, algorithms for detecting
chlorophyll a in MERIS spectrometer data relied on the water-
leaving reflectance (Gitelson et al., 2009). However, common
atmospheric correction software failed to resolve the shape of
TABLE 1 | Salient features of open access satellite-based sensor systems that can potentially be used for monitoring water hyacinth infestation.
Satellite Sensor type Spatial resolution Temporal
resolution




6/12 days 2 250
mode-dependent
Sentinel-2 Optical 10–60m 5 days 10 290
MERIS Optical 0.3–1.2 km 2 days 15 1,150
Oceansat-2 Optical 300m 2–3 days 15 1,420
LANDSAT 1–7 Optical 30m 16 days 4 185
LANDSAT 8 Optical 30m 16 days 5 185
ASTER Optical 15–90m 16 days 14 60







Some of this information was taken from the following sources: (Shanthi et al., 2013; Oyama et al., 2015; Villa et al., 2015; Guerschman et al., 2016; Dube et al., 2017; Malthus, 2017;
Veloso et al., 2017; Binding et al., 2018).
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the water-leaving reflectance accurately, particularly in the red-
NIRMERIS bands for eutrophic waters (Guanter et al., 2010). An
Artificial Neural Network approach for atmospheric corrections
for Case 2 Regional Coast Color (C2RCC) was developed for
MERIS (Doerffer and Schiller, 2008). C2RCC included a 5-
component bio-optical model, as well as a coastal aerosol model
aimed at expanding MERIS and Sentinel capabilities to coastal
and inlandwaters (Brockmann et al., 2016). The radiative transfer
code derived from the simulation of a satellite signal is based
on successive orders of scattering approximations and it intends
to simulate reflection observed for a typical water surface using
a coupled atmosphere-surface system (Martins et al., 2017).
POLYMER is used for spectral optimization using polynomials
to model separate spectral influence from atmosphere and
sunlight (Steinmetz et al., 2011). POLYMER decomposes the
total signal after Rayleigh correction into a water reflectance
spectrum, a spectrally smooth function for the atmosphere, and
everything else which is “non-water.” The iCOR atmospheric
correction is a completely image-based processor which uses
sun and sensor geometry, aerosol optical depth, ozone, water
vapor, and elevation to derive atmospheric parameters from
pre-computed MODTRAN (MODerate resolution atmospheric
TRANsmission)-5 Look-Up-Tables (De Keukelaere et al., 2018).
These approaches greatly enhance the capacity to discriminate
between cyanobacterial blooms, surface scum, and floating
macrophyte such as water hyacinth.
Other machine learning algorithms that have been applied
to remote sensing data include decision tree approaches, used
in Song et al. (2012) to improve the accuracy of land cover
classification in low-resolution images, random forest (Adelabu
and Dube, 2014), and support vector machines (Mountrakis and
Ogole, 2011).
Aerial Surveys
Historically the identification of individual species was based
on laborious and subjective interpretation of analog or digital
aerial high-resolution photography (Husson et al., 2014).
The availability of low-cost unmanned aerial vehicles (UAVs)
equipped with high-quality digital cameras has resulted in
a resurgence of such systems for environmental monitoring
(Anker et al., 2014). Airborne optical monitoring can greatly
enhance remote monitoring capabilities. The ability of aerial
photography to acquire images under the clouds and with
much higher resolution makes image interpretation easier
compared to satellite data. Common systems in use are
CASI (Compact Airborne Spectrographic Imager), MIVIS
(Multispectral Infrared and Visible Imaging Spectrometer),
HyMAP (airborne hyperspectral imaging sensor), AVIRIS
(Airborne Visible/Infrared Imaging Spectrometer), and sensors
deployed on UAVs. The high cost of hyperspectral UAV/camera
systems is a barrier to their widespread use; however, cheaper
multispectral systems have recently become available and are a
promising alternative.
Challenges such as changing sun angles and variable wind
speeds affect aerial image acquisition, therefore flight scheduling
requires skill and site-specific knowledge (Hestir et al., 2008).
Airborne sensors provide high spectral resolution and facilitate
differentiation of macrophytes strategies (Giardino et al., 2015).
Becker et al. (2007) explored various bands of hyperspectral
scanner data to derive the optimal system parameters (e.g.,
resolution, number of bands) to enable classification of common
wetland vegetation. Their study reported an optimal spatial
resolution of 2m with strategically located bands in the red-NIR
region. Repeated airborne LIDAR acquisitions can be used to
produce a high-resolution canopy digital elevation model and
canopy height model of the water hyacinth. This can help to track
water hyacinth growth and detect infestation at an early stage
(Hopkinson et al., 2005).
Ground-Level Sensors
Sensor devices of various kinds can be placed within water and
used for detecting indicators of the presence of aquatic plants or
the conditions conducive to their growth. Sensors may be used
for spot measurements or placed on site long term to detect
changing conditions. Maintenance of long-term installations
presents various challenges, such as the risk of theft or damage to
devices, or reduced effectiveness due to biological colonization.
However, if these can be overcome, useful data can be gathered.
For example, a spectro-radiometer can be used to detect aquatic
plants using their reflectance spectra and discriminate between
floating and submerged plants (Penuelas et al., 1993). This
ground-level data can be usefully combined with other data
to yield better information: for example, Wolf et al. (2013)
investigated freshwater lakes in Germany using a submersible
spectro-radiometer and suggested that the reflectance spectra
of vegetation or sediments on and below the lake bottom were
useful to control the atmospheric and water column deviations
of remote sensing data from satellites.
Sensors may be combined with actuators and communication
capabilities (Internet of Things) for real-time data gathering
and early warning systems (Abdullah and Hagem, 2020) placed
a Wi-Fi-enabled photon board and an ultrasonic sensor in
an irrigational channel to provide an early warning system
for detecting Ceratophyllum and Eichhornia. Water quality
monitoring was performed using sensors for critical parameters
like turbidity, temperature and dissolved oxygen while assessing
the impact of herbicides used for control of water hyacinth in the
Sacramento-San Joaquin delta (Tobias et al., 2019). Monitoring
of phosphate concentration too is important as it is closely linked
with water hyacinth infestation (Kobayashi et al., 2008; Datta
et al., 2016). An IoT based sensor that monitors water quality in
real-time was demonstrated by Manimegalai (2020). Vaseashta
et al. (2020) developed a prototype from commercial-off-the-
shelf sensors to monitor contaminants in underground and
surface water. A detailed review of microfluidic-based sensors
for monitoring water quality can be found in Jaywant and Arif
(2019).
Citizen Science
The traditional method of monitoring water hyacinth using
manual field surveys can be greatly enhanced by the use
of smartphones and mobile applications to enable quick and
effective data collection. Widespread and growing cellular
network penetration in countries across the world has enabled
citizen science initiatives such as the Plantix mobile application
(Wang et al., 2020), which is used by farmers in India for
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FIGURE 1 | Proposed system architecture for a multi-modal system for monitoring water hyacinth infestation.
quick reporting and diagnosis of agricultural pests and diseases
found in their fields. Gervazoni et al. (2020) used citizen science
to monitor spread of invasive Iris pseudacorus in Argentinian
wetlands. There is potential to develop similar applications
that can be provided to fishermen, farmers, irrigation workers
and other users of waterbodies to report sightings of water
hyacinth. Photographs augmented with timing and geolocation
data can build a valuable repository of data that can be used for
monitoring infestations and can serve as ground-truth data for
the development of algorithms for automated detection of water
hyacinth from remote sensing data.
DISCUSSION AND PROPOSAL FOR A
MULTI-MODAL APPROACH TO
MONITORING WATER HYACINTH
We have seen that a wide variety of technological approaches
for monitoring water hyacinth infestation are available, though
the full potential of most of these is currently underexploited.
Remote sensing has considerable advantages over other methods,
as it is low in cost and can provide extensive spatial and
temporal coverage, enabling ongoing surveillance and reaching
inaccessible locations. Optical images can be used for their high
resolution and broad coverage and can be supplemented with
SAR data to provide datasets that are resilient to cloud coverage
and poor weather conditions. Aerial surveys and citizen science
can provide detailed, very high-resolution imagery that can be
used to complement and ground-truth satellite data. Sensors
placed within waterbodies can provide supplementary data and
provide early warnings of infestations.
A comprehensive solution to the problem of monitoring
water hyacinth must involve a combination of methods.
Our team is working to design and test prototypes of
a multi-modal system (Figure 1) which can be used to
continuously monitor the presence of water hyacinth, using
a data driven approach that merges environmental datasets
obtained from: (i) SAR and optical imaging by European
satellites, essential for understanding spatio-temporal variability
of vegetation cover and distribution; (ii) monitoring of target
sites using drone-mounted multispectral cameras, essential
for collecting very high resolution data to ground truth
satellite observations; (iii) continuous real time data from
an Internet-of-Things enabled ground sensor network placed
permanently in the water, collecting data indicative of water
hyacinth presence, such as dissolved oxygen, nutrients, pH
levels and temperature, and (iv) citizen science, using a mobile
application to gather photographs, timestamps, geolocation
data and other metadata about sightings of water hyacinth
infestations. New algorithms will be developed, leveraging
advances in signal processing, e.g., texture analysis and
machine learning techniques, such as deep learning, along
with multimodal data fusion strategies. We envisage a system
which uses satellite and remote sensing data to detect if weed
infestation is present, producing alerts that trigger a drone
campaign to acquire more detailed information. The system
will include a network of sensors that can sense water quality
conditions conducive to water hyacinth growth and detect
infestation at an early stage. If successful, this system will
provide low-cost, comprehensive, timely, and accurate data for
effective management of what many consider the world’s worst
aquatic weed.
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